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A Runtime Framework for
Adaptive Compositional Modeling

Michael Alan Heffner

Abstract

The rapid emergence of embedded devices and sensor networks that frequently exchange
object-level images foretells an increasing reliance on object-level systems. Additionally,
nearly all computing systems, including control systems, enterprise applications, scientific
codes and dynamic libraries operate eventually at the object code level. Studying adaptivity
and runtime composition issues in such systems is becoming an important focus of systems
research. In this thesis, we describe an object-level framework that will manipulate an object
module to instrument control functionality and adaptivity in order to realize complex com-
positional scenarios. Using function and parameter remapping capabilities, our framework
transcends programming language and design boundaries, and enables applications to adapt
dynamically during runtime. We introduce the capability to “restart” an application automati-
cally, a feature we utilize to support adaptivity not only spatially, over the algorithm domain,
but temporally as well. A high-level adaptive control language based on XML is presented that
allows complex adaptive scenarios to be expressed concisely. Additionally, the construction of
several adaptive scenarios using our framework is illustrated, along with several experiments
in “learning adaptivity* using reinforcement learning techniques.
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Chapter 1

| ntroduction

High-performance scientific codes permeate many engineering and business contexts. While such
codes today are primarily meant to run on desktops and clusters, it has been predicted that over
98% of computing power will be harnessed in embedded devices and sensor networks by the year
2010. Across this broad range of diversity — control systems, enterprise applications, embedded
operating environments, and dynamic libraries — and additionally, across the list of different pro-
gramming languages and conceptual software models, there is a single common factor: the object
code that is being executed on the system. This common factor provides an opportunity for enor-
mous exploitation of functionality across the multitudes of codes and implementation techniques
used to construct them. A framework that will manipulate an object module at runtime to instru-
ment control functionality and adaptivity will hence prove very useful across many domains and
will be relevant for an extended period of time.

For instance, a framework that instruments control on object files after execution has started
can be used to develop applications that exploit minimal bootstrapping but which are fully exten-
sible at runtime. In such an application, only the most essential components are loaded at runtime
— the object-level framework intercepts calls to components not yet loaded and dynamically links
them into the application just in time for their execution. These components are essentially brought
in using a very-late binding approach that permits off-line code optimization and just-in-time com-
pilation [3]. Similarly, the opposite can occur in which object modules are disconnected during
runtime or they can be replaced at runtime with newer versions, a feature that permits long-running
applications to adapt and mutate over time. An object-level framework can transparently massage
type differences across components, which opens the door to a range of compositional modeling
[1] applications [2, 10] that can now compose systems of seemingly arbitrary collections of objects
and functionality. These models bridge the implementation language barriers [19] that typically
limit the functionality that is available to a single code and they can also facilitate concern [9] and
concept [24] based programming paradigms. The cross-object transparent invocation functionality
can also be exploited in distributed dynamic systems [36]; for example, it can be used to implement
many of the components of the CORBA system [13] and Microsoft’s Component Object Model
(COM) [30]. Object-level functionality is also applicable to sensor networks that require embed-
ded mobile agents to dynamically reconfigure themselves many times during runtime, typically
requiring object code to be transfered across multiple heterogenous environments.

There is also a range of security applications that can benefit from an object-level framework.
Installations that require detailed accounting and auditing statistics can track these application



parameters at the object code level, recording information such as function call sequences, system
call parameters, and time spent performing specific routines. Additionally, such a framework could
facilitate dynamic security patching at runtime by diverting calls away from previously vulnerable
methods to their new fixed counterparts, without requiring large servers to be taken down for costly
downtime-patching. Such a framework could also be used to harbor potentially naive bodies of
code by intercepting intentionally malformed parameter values. If an object-level framework also
supports adaptivity, it enables a range of applications such as micro electro-mechanical systems
(MEMYS), resource tunability [7, 12, 17, 23, 29, 37], and optimistic and exploratory algorithms that
use recommender systems [35] to improve algorithm efficiency overtime [11, 21].

In this thesis we describe an object-level framework that supports instrumenting compiled ob-
ject files to support adaptive compositional modeling. There were a number of goals we considered
as important design considerations for this framework. As an object-level framework, we wanted
to ensure that we were instrumenting our control functionality entirely at the object-level and did
not require any modifications to the original source code. We considered the latter point important,
because the source code for the application may no longer be available and any modifications will
require extensive programmer time to adapt the source code, which may be represented in a multi-
tude of different programming languages. This allows us to compose applications from collections
of arbitrary codes and permits direct code execution, which relieves many concerns of correctness
stemming from source-level modifications. We also required that the framework be able to adapt
the application during runtime. With adaptivity, we can have the application explore numerous
algorithmic possibilities, learn the results of these decisions, and reward the most efficient possi-
bilities. For long running jobs on High Performance Computing (HPC) clusters, the application
can typically increase its performance over time by remapping to improved algorithms for a sig-
nificant portion of the time, while still being able to explore numerous computational algorithm
possibilities. In other words, software systems can be configured to work in either an exploratory
or exploitation mode. Additionally, attempts to create “autonomous” HPC systems will require
applications to be able to adapt to the systems’ availability of resources. Finally, we would like
the framework to be resilient to failure when exploring solution spaces, so we would like a method
to be able to “restart” the application from an arbitrary point when we detect failure. In fact, we
desire to maintain the knowledge of the failure from the future so that we can use it to correct the
mistakes made in the present. This allows us to iteratively apply potentially fatal algorithms to a
problem until one succeeds.

To our knowledge, we believe that our approach to solving these concerns is innovative and has
never been attempted. Functioning entirely at the object-level of the application requires in-depth
knowledge of the machine architecture and how function call evaluations are performed. This has
likely prevented many from pursuing an avenue such as this, and additionally this approach is
very architecture dependent. We have implemented our approach on the x86 architecture, however
the core architecture dependent kernel of our framework is encapsulated in a few small sections.
Although we have not yet ported our framework to any additional architectures, the porting re-
quirements should be localized to these sections. Many similar projects have also not considered
the concept of restarting an algorithm and therefore their adaptive functionality is limited to only
“safe” adaptations. Many adaptive approaches have further concentrated on making the application
more aware of the environment with the use of tuning knobs, rather than leaving the application
entirely unaware of the environment.

In the next chapter we begin by describing the object-level transformation and functional con-
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structs we designed to achieve the goals for this framework. We continue with several simple
scenarios we designed to demonstrate individual components of our framework. At the end of the
chapter we present the High-level Adaptive Control Language (HACL) we constructed to allow
complex adaptive decisions to be expressed easily. In chapter three we present the performance of
the framework under two benchmark applications and representative usage environments. We also
present several experiments in which we used our framework to “learn” the adaptivity for specific
problems using reinforcement learning techniques. In chapter four we survey several works by
other authors and illustrate how they relate to our framework. Finally, we present some future
directions in chapter five.



Chapter 2

Basic Constructsfor Adaptive
Compositional Modeling

To realize our goal of a framework that can model complex adaptive scenarios, we first present a
set of four primitive operations that can be used as building blocks for compositional modeling.
The use of these primitives is then showcased through simple examples of designing adaptive
algorithms, followed by the definition of a markup language suitable for high-level specification
of adaptivity.

2.1 Primitivesfor Adaptive Compositional Modeling

2.1.1 Function interception

One of the basic goals of our framework is to support procedure-level decomposition of a compiled
object file so that procedure calls within a module become control points at which the application’s
execution can be steered. Therefore, the basic construct required in the framework is a method
for intercepting, or catching, the function calls made within an application. There are a variety
of programs and projects that support intercepting function calls within an application [4, 15].
Our framework is different from these projects in that it intercepts function calls at the location
the calls are made. In x86 assembly, function calls within an application are represented by the
cal | instruction which takes a single argument that is the address of the function to invoke. The
framework then, for every module to be instrumented, replaces any cal | instructions with a call to
our own interception handler. The original target function address is saved so that the interception
handler can determine which function was originally being called. When our interception handler
is called in place of the original function, the handler will determine whether to continue execution
with the original target function or to perform some other operation.

When the application is modified so that function calls are intercepted by our framework, the
locations at which the calls are made are modified instead of the locations associated with the
target functions. This is because the code associated with the callee might not be available at
the time the application is modified. The callee might be located in a dynamic module that is not
automatically loaded at runtime. By modifying the caller instead, we do not require all components
of an application to be loaded at runtime. We convert the original call instructions, which would



otherwise require correct runtime link binding, into lookup references that our framework uses
to determine what appropriate action to take when the calls are made. The original function call
location in effect becomes a place-holder (or “link point,” in the vernacular of the aspect-oriented
programming literature [9]) that the framework can connect to arbitrary procedures during runtime.

In order to allow for the most adaptivity in a procedure-level decomposition, the framework
must also support the ability to catch when a function returns. In our framework, when a function
is diverted through our interception handler we manipulate the return address to point to a return-
handler instead. The return-handler can perform post-function call checks — after which it will
eventually return to the original return address. This is useful because when the function returns,
the outcome of the function call can be queried, including the return value or any values returned
via pass-by-reference parameters. This allows the controller to massage any return values before
they are passed back to the calling module to, for example, fix type differences or influence the
caller.

2.1.2 Registered callbacks

When a function call is intercepted or the return of a function is intercepted, the framework should
pass control of the application to a controller or online recommender system so that it may make
any required adaptive control decisions. This functionality is supported in our framework using a
method of registered callbacks. A recommender can register either a pre- or post- callback for a
given function symbol which is executed whenever the function symbol is invoked or a return is
made from the function, respectively. When the framework invokes a callback it passes a reference
to the current invocation stack entry in the framework which corresponds to that function call.
With the invocation entry reference, the callback can: lookup or manipulate parameters, remap the
function call, search the remaining invocation stack, and checkpoint or rollback the process. In
other words, the callback has full control over the current state of the application.

2.1.3 Parameter manipulation

There must be a complete set of controls that allow the application to query and manipulate the
parameters passed to procedure calls. The instantaneous values of parameters passed to a function
at run-time can give insight into whether an application is making gainful progress or whether
any adaptive decisions should be made to improve the results or performance. For example, the
subinterval indices of a recursive sorting routine can reveal whether it might be beneficial to switch
to a different sorting algorithm. Similarly, tracking the current relative error of a numerical routine
might reveal characteristics of the problem that suggest that switching to a different routine might
improve convergence.

Our framework supports the ability to query and manipulate the parameters to a function before
and after its lifetime. Before any operations on the parameters can be performed, the size and type
of each parameter must be specified so that the framework can calculate the correct memory offset
of each parameter, or the predefined parameter types which represent both type and size can be
used. Once all the parameters for a function are specified to the framework, simple query functions
within the framework will return pointers to the parameters in memory, and by dereferencing these
pointers, the application can read/write the parameters in memory. Also, parameters that are passed



by reference to a function can be manipulated when a function returns if the user desires to massage
the values returned.

However, the most useful parameter construct of the framework is the ability to remap the entire
parameter list of a function. For example, when a recommender intends to remap one function to
another, the function signatures typically have to be the same because the parameters are already
on the stack. This severely limits the flexibility to abstractly connect components of the system
without having to know the correct semantics beforehand. If the recommender specifies the size
and type of the parameters of both the original function and the new function we can overcome this
barrier by simply (1) calculating the difference in lengths of the two parameter lists, (2) adjusting
the frame pointer by the difference in lengths, and (3) copying the new parameters onto the stack.

2.1.4 Dynamic process rollback

The most valuable construct identified during the design of our adaptive scenarios was the func-
tionality to arbitrarily ‘rollback’ the execution of an application to a previous state. If there are
multiple algorithms that can be applied to a specific problem, but it is not known beforehand which
will be successful, we can design a solver that uses an iterative, brute-force approach to solving
the problem. Each iteration of the solver applies a new algorithm and, if unsuccessful, the results
of the iteration are used to ‘seed’ the solver’s decision of the algorithm to use in the next iteration.
Typically, each algorithm would need to be coded to have a zero net-change on the state of the
data set so that the data set is not modified between subsequent iterations of the solver. However,
this requirement severely limits the flexibility in the choice of algorithms that can be used in the
solver and adds considerable cost to the performance and implementation time of the algorithm.
With a construct to completely revert the data set to a prior state, optimistic and exploratory algo-
rithms can be used in the solver. Additionally, algorithms that were previously written for alternate
applications can be exploited in the solver as well.

Our framework utilizes the DejaVu library, a distributed snapshot and fault tolerance library
for performing dynamic process rollback. DejaVu supports online, incremental, process check-
pointing of all static and dynamic memory and all file and network 1/0. A function symbol can be
registered with our framework to be checkpointed so that every time an invocation of that func-
tion occurs, a checkpoint is saved just prior to executing the function. Function invocations are
not checkpointed by default because to do so at such a fine granularity is expensive. Instead,
the recommender should determine an appropriate mix between coarse-grained and fine-grained
checkpointing relative to the application. Each checkpoint operation returns a unique identifier that
is stored within the respective function invocation record. This ID can be used later to rollback to
the specific checkpoint.

An important criteria for a process checkpointing library used in an adaptive computing frame-
work is that it must support the ability to maintain ‘non-volatile’ memory regions. If the runtime
recommender decides to rollback to a previous checkpoint because the current path of execution is
deemed non-beneficial, then there must be a method to ensure that the same path is not traversed
again. A complete process rollback, including all static and dynamic memory, would result in an
infinite loop for a deterministic application. Therefore, within the DejaVu library there is sup-
port for handling partial memory rollbacks. A dedicated memory allocator within DejaVu creates
memory regions whose contents are not reverted during a rollback. Our framework takes advan-
tage of this support by maintaining the entire function invocation stack in non-volatile memory. If
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the runtime recommender decides to remap a function target or the parameters of a function, the
remappings remain in memory after rolling back and are effective when the application restarts
from the previous state. The runtime recommender can also register memory tuples that contain
the address and size of a location in memory to maintain across rollbacks. The memory regions
represented by the tuples are copied into non-volatile memory regions before a rollback and are
copied back to their original locations following a rollback.

2.2 Usage Scenarios

We now present three simple use case scenarios to demonstrate the functionality supported by our
framework. These scenarios bring out key elements of our framework which can then be composed
in more complex settings. For each scenario, we include short sections of code that illustrate the
amount of programming required in the framework.

2.2.1 Scenario 1: Switching from Quicksort to Insertionsort

A well-studied sorting algorithm in computer science is quicksort; its average case and worst case
running time make it the preferred method of choice in a variety of sorting contexts. However,
quicksort is also known to be inefficient at sorting small arrays of elements, or when the array is
already ‘almost sorted.” One common strategy is to switch to insertionsort when the length of the
subinterval falls below a certain size [31]. Insertionsort is efficient at sorting small collections of
elements and, unlike quicksort, is not agnostic of the ‘sortedness’ of the array. For instance, it is
well known that insertionsort performs O(/nv (X)) comparisons and data moves where Inv(X)
is the number of inversions in X [11].

In our first scenario, we implement a naive recursive quicksort algorithm and demonstrate how
we can dynamically switch to insertionsort when the array size falls below a certain threshold %
(we use the term “naive’ because quicksort will typically be implemented iteratively [31] to reduce
the overhead and memory requirements of recursion). How £ is determined is a topic pertaining to
recommender system design, and covered in the next chapter. For now, it suffices to note that the
quicksort algorithm is written without any mechanism for handling the switch to insertionsort so
we could model adaptation of an unmodified code module. The insertionsort routine was written
so that its function prototype was exactly the same as the recursive quicksort. The following code
segment indicates how the function remapping is performed:

voi d gsortcb(struct Ii _invoke entry *ie, LI _HANDLER TYPE ht)
{

int first, |ast;

/* read the argunents being passed to quicksort */
first = LI _GET_PARAM INT(ie, 1);
last = LI _GET_PARAM INT(ie, 2);

/[* 1f we are within the threshhold, switch to insertionsort

if (first <last & last - first <= k)

*/



[i_remap(ie, isort);

}

To implement this scenario, we used the function interception functionality to redirect the recursive
function calls to quicksort through our framework. Before the first call to quicksort, we registered
a callback to intercept the call and handle the remapping using the code above. In this scenario,
the callback had to retrieve the interval bounds and determine whether the interval size was less
than k (a predetermined threshold). If it was, the callback remapped the call to insertionsort. To
retrieve the parameters from the stack, the controlling application must specify the type of each
parameter so that the framework can determine the correct memory offsets to read the parameters
from. The code below is used in the initilization section, before the first call to quicksort, to specify
the parameter types.

LI _PARAM TYPE par ans| 3] ;
struct |i_synbol _entry *se;

se = |li_add_synbol ("quicksort”, (li_invoke func_t *)qsort,
par ans| 0] LI _PARAM PO NTER;

parans| 1] LI _PARAM I NT;

par ans| 2] LI _PARAM | NT;

i _add _parans_list(se, parans, 3);

2.2.2 Scenario 2: DQAG Parameter Sweeping

The Quadpack [26] collection of Fortran subroutines, for solving definite univariate integrals, pro-
vides an excellent source for adaptivity scenarios. Some of the Quadpack programs (e.g., QNG) are
non-adaptive and attempt to use hardwired integration rules of varying degrees of accuracy. These
algorithms approximate the function to be integrated by polynomials of varying orders. Others
(e.g., QAG) are adaptive, and perform recursive subdivision of the integration domain, in order
to achieve specified accuracy constraints. These algorithms approximate the function using piece-
wise polynomials. Still other algorithms (e.g., QAWO) are targeted for integrals with pre-defined
‘weight” functions and are primarily of the Gaussian quadrature nature, which are maximally ac-
curate. Since all quadrature routines utilize discrete sample information, it is easy, given any
integration rule, to design a problem on which the error can be unbounded [20]. When a given
quadrature routine fails, there are a variety of indicators available from execution (e.g., presence of
roundoff, presence of a singularity, oscillatory behavior of non-specific type) which can be utilized
by a recommender to make a better judgement of which algorithm to try. The design of a com-
pletely adaptive quadrature routine, that adapts to varying integrals, would alleviate the need for
the user to predetermine an appropriate quadrature routine for each integral. Such a system would
be of great interest to the scientific community that utilizes these integration routines frequently.
For our second scenario we considered the double-precision adaptive quadrature routine DQAG,
and attempted to determine the strictest relative error constraint (EPSREL parameter) it could cal-
culate an integral to. An inability by DQAG to achieve the desired EPSREL would result in the
output flag IER set not equal to zero, at which point we might attempt to lower the EPSREL re-
quirement. Notice that such recovery from abnormal program terminations would be difficult if
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the application modified the global state of the application, or exited upon failure, unless there was
a method to checkpoint and rollback the application to the point before the routine was called. In
this scenario we induce failure of DQAG by setting the KONTROL flag of the XERMSG helper
routine, so that if DQAG cannot integrate the expression to the specified error bound, XERMSG
exits with an unrecoverable error.

/* Flag set when XERMSG is called. */

int fail ed;
i nt dgagcb(struct |i_invoke_entry *ie, LI _HANDLER TYPE ht)
{
if (ht == LI _HT_PRE)
failed = O;
el se {
doubl e *epsrel
epsrel = LI _GET_PARAM PO NTER(i e, 4, double);
if (failed) {
/* Decrease error requirenents by 10. */
*epsrel *= 10;
i _rollback(ie);
}
}

}

In the previous scenario we intercepted function calls to quicksort and read the parameters off
the stack that represented the interval bounds. For this scenario, we had to actually manipulate
the function parameters on the stack before the function was invoked. In this way, the EPSREL
parameter could be sweeped from a low to high error until the DQAG routine eventually succeeded.
Additionally, in this scenario we used the checkpointing construct to save the process state before
the call to DQAG and return to it each time DQAG failed. When the checkpoint was taken, the
unique identifier was stored within the invocation record for DQAG. The post-call handler for
DQAG, shown above, would rollback to this checkpoint identifier to test the next value of EPSREL.

2.2.3 Scenario 3: Putting it all together

Our third scenario combines elements of the first and second, in that it switches from one quadra-
ture routine (DQNG) to another (DQAG) upon DQNG’s failure. In addition, the function proto-
types of the two routines do not match, hence some massaging of calling parameters is required in
order to perform the algorithm switching. Consider the application of DQNG on the problem:

! 4
/ 2 log(x)dr = —=
0 9



Since DQNG does not dynamically select nodes (and weights) during the integration, it is unable
to guarantee higher levels of (relative) accuracy requirements. For instance, the maximum number
of function evaluations (an important metric in quadrature routines) is hardwired to 87, owing to
the selection of the 87-point Gauss-Kronrod rule. When the accuracy threshold is lowered from
€, = 1072 in steps of 10, DQNG breaks down at ¢, = 10~° with an IER set to 1. At this point, the
recommender would suggest that we switch to DQAG. The following code demonstrates how the
remapping is achieved:

struct |i_paramremap renmaps|14];

int i;

static int limt, lenw, |ast, iwork[100];
static doubl e work[ 400];

for (i =0; i < 14; i++4)
remaps[i].type = LI _PARAM PO NTER;

mencpy(remaps[ 0] . data, Ii e,
mencpy(remaps[ 1] .data, |i e,
mencpy(remaps[2].data, |i_get paraniie,
mencpy(remaps[ 3] .data, |i_get paraniie,
mencpy(remaps[4].data, |i_get paran(ie, 4), s

i e,

I e,

I e,

i e,

=)
N—r
@

_get _parani
_get _paranti 1), sizeof (double
2), sizeof (doubl e
3), sizeof(double
zeof (doubl e
zeof (doubl e

6), sizeof(double

mencpy(renmaps|[ 5] . dat a, _get _paranti
mencpy(renmaps| 6] . dat a, _get _paran(i
mencpy(remaps| 7] . dat a, _get _paran(i
mencpy(remaps| 8] . dat a, _get _paran(i

a1
N—r
@

limt = 100;
lenw = 4 * 100;

((void **)remaps[9].data)[0] = &imt;

((void **)remaps[ 10].data)[ 0] = & enw,
((void **)remaps[ 11].data)[ 0] = &l ast;
((void **)remaps[ 12].data)[ 0] = iwork;
((void **)remaps[ 13] . data)[ 0] = work;

li_remap_parans(ie, remaps, 14);
li _remap(ie, (li_invoke func_t *)dqgag );
i _rollback(ie);

Many of the constructs from the first two scenarios were used to implement this scenario. We
used the parameter mechanisms to read and manipulate the parameters passed to the quadrature
routines. When we had determined that the quadrature routine had failed (by inspecting the pass-
by-reference parameter IER) we had to return the process to the state it was before the quadrature
routine was called. The DejaVu checkpointing library was used to checkpoint the process before
the call and to rollback the process when requested. When a quadrature routine failed, it was
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remapped to the next recommended quadrature routine using the function remapping construct.
However, as opposed to the first scenario where we could easily remap quicksort to insertionsort
because they had the exact same parameter lists, DQNG and DQAG require slightly different
parameters. The code above depicts the procedures for remapping the parameters from DQNG to
DQAG. Within the framework, the new parameter values are copied onto the stack in place before
the execution is allowed to continue onto DQAG.

2.3 High-level Adaptive Control L anguage

The low-level constructs described above can be used to represent a wide range of complex adap-
tive scenarios. However, the constructs rely on a strong understanding of system programming and
a working knowledge of the underlying code architecture. These requirements present a daunting
task for researchers who are not overly knowledgeable in low-level programming but would like to
write some simple adaptive scenarios to take full advantage of the framework. Even scenarios that
appear trivial in functionality might require significant amount of coding. To create a more useful
framework, we designed a high-level language that can express adaptive decisions easily and with
relatively few constructs.

The language, termed High-level Adaptive Control Language (HACL), expresses the core func-
tionality for adaptive decisions using an eXtended Markup Language (XML) format. The XML
document representation is compiled to the low-level set of constructs described earlier using
an XML parser. For the most common adaptive scenarios, users can express them using sim-
ple conditional-based action statements which require little or no code. For more complex and
unique scenarios, users can include their own code which will then be embedded into the control
program when the XML document is compiled. The HACL XML control document has two sec-
tions, to represent the parameter mappings and the callbacks with conditional action statements,
respectively. A complete DTD for HACL is given in Appendix A.

2.3.1 Parameter Mappings Section

The parameter mapping section of the document represents the definitions of functions used in the
callback section of the document. For each function, the list of parameter names and associated
types must be declared in the order they are passed to the function. This allows the user to access
arguments by name in the callback section without worrying about the parameter’s locations in the
parameter list or their correct sizes. The function definitions are also used to determine the correct
parameter mappings when a user requests to remap a function. If the function has a non-void
return value it can be specified as well and will be available in any post callback handlers for that
function. Table 2.1 contains a sample parameter mapping for the quicksort method from the first
scenario.

The parameter mapping section of the XML document can become lengthy if there are a large
number of functions and would be tedious to enter manually. However, given a static source code
analyzer [14] the parameter mappings could be automatically generated if the source code were
available beforehand. Pre-generated or pre-defined parameter mappings could also be distributed
with a project or could be queried from a database of existing mappings. Whichever method is
used, the user will not have to enter numerous parameter mappings by hand.
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Table 2.1: Example of parameter mappings from quicksort scenario.
<mappi ngs>
<neppi ng>
<functions>
<functi on name="qgsort" />
<function name="isort" />
</functions>
<return value="" />
<par anet er s>
<param nane="a" type="int *" />
<param nane="first" type="int" />
<par am nane="second" type="int" />
</ par anet er s>
</ mappi ng>
</ mappi ngs>

2.3.2 Callback Section

The callback section of the XML document contains the controlling constructs for adaptive deci-
sions and allows for a lot of flexibility. Simple adaptive expressions can easily be written using
XML expressions without requiring low-level system code, while more complex scenarios requir-
ing behavior beyond the included expressions can be expressed using embedded C code in the
XML document. Table 2.2 illustrates the composition of the callback section; the important sec-
tions are detailed below.

1. <cal | back func="foobar" type="post" mappi ng="f oobar map" >

The adaptive control decisions are specified with respect to procedure calls. With the procedure-
level decomposition that our framework uses, all adaptive decisions are made when a func-
tion is invoked or when it returns. This particular line above defines the start of a callback
block that is associated with the function f oobar and is called after the function returns.
The callback block header must also specify a parameter mapping that is used to determine
the correct parameters for the function. For each parameter in the parameter mapping, a local
variable of the same name and type is declared in the scope of the callback. The actual value
of the parameter is copied from the parameter space on the stack to the local variable at the
beginning of the callback. Additionally, if the mapping specifies a non-void return value and
the callback is of type post then the local variable _r et ur n_ will contain the return value
from the function. These features simplify the further statements in the callback block since
they can reference parameters by name that automatically have the correct types.

2. <condi tion value="foo == 2">

Within a callback block there will typically be one or more condition blocks that define what
actions to perform if the condition is true. The val ue attribute of the condition block is
a boolean expression that, if true, continues execution of the control statements within the

12



Table 2.2: Example of callback section in HACL XML document.

<cal | backs>
<cal | back func="foobar" type="post" nappi ng="foobarnap">
<condi ti ons>
<condi tion value="foo == 2">
<remap mappi ng="func2map" func="func2">
<assoc alloc="exist" from="foo" to="bar" />
<assoc al |l oc="stack" name="newar" type="int" to="foo"
val ue="100" />
<assoc al |l oc="dynam c| gl obal | exi sting" />
</ remap>
<rol | back search="search_func" data="..." />
<code type="pre| post">
</ code>
</condition>
<code type="pre| post">
</ code>
</conditions>

</ cal | back>
</ cal | backs>
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condition block. Each condition block’s boolean expression is tested sequentially in the
order they are specified and the first one that evaluates to true is executed. Currently, only
one condition block is evaluated for a callback.

. <remap mappi ng="func2map" func="func2">
<assoc alloc="exist" from="foo" to="bar" />
<assoc al |l oc="stack" name="newar" type="int" to="foo"
val ue="100" />
<assoc al |l oc="dynami c| gl obal | exi sting" />
</remap>

Each condition block has an associated set of action statements that specify what to do in
case the condition is true. We have identified that a majority of the adaptive decisions involve
remapping a function and/or rolling back the function to a previous state. Therefore, we have
defined statements for easily performing these operations. The statements above represent
how function and parameter remapping is handled. For this specific condition, the function is
to be remapped to f unc?2 using the new mapping f unc2map. The new function mapping
must have been already declared in the mappings section (see section 2.3.1) of the XML
document. For the parameter remapping, the associations from the old to the new parameters
must be included; if the parameters are the same, no association needs to be included. For
each parameter of the new mapping, an assoc statement must be included. An existing
association maps a parameter from the current mapping (specified in the cal | back block
header) to a parameter of the new mapping. An association can also declare a new variable
(either as a global variable or as a dynamic variable) and assign it a new value and use it as
the new parameter.

. <rol | back search="search _func" data="..." />

If included, this statement will signal the framework to rollback the function to the associated
checkpoint location. The search field specifies how to locate the checkpoint location to return
to as a search function. The search function is passed a handle to each invocation entry in
the framework, along with the user data, and should return true when it locates the location
to rollback to. There are several predefined search functions that locate, for example, the
current invocation entry, the first called invocation entry matching the given function name,
and the last called invocation entry matching a particular function name.

. <code type="pre|post">

</ code>

Code sections can be embedded into a condition as well. If the user requires operations that
are more complex than simply remapping and/or rolling back a function, they can embed a
code section into the condition. The code section has full access to all the parameters from
the current mapping and can modify these values before they are remapped or saved back to

the arguments on the stack. Of course, remappings and rollback operations can be performed
manually in the code blocks as well.
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Chapter 3

Framewor k Perfor mance Evaluation

The framework discussed in this thesis encapsulates a range of functionality for realizing various
adaptive modeling problems. With this functionality comes a measurable performance penalty
that must be incurred to exploit the constructs. At the most basic level, the framework behaves
as a function interception library that redirects the function calls made in a code module through
the framework. To determine what target procedure is being invoked when a redirection occurs,
the framework has to lookup the procedure based upon the four-byte function address. To map
between the function address and a symbol entry structure, the framework uses a hash table struc-
ture. The hash function used to hash the address of the invoked procedure is the Bob Jenkins hash
function [16]. Jenkins’ hash function is relatively fast, on the order of O(6n + 35), and has a small
probability of collisions, about one in every 232, However, despite the efficiency of the hashing
function, the library incurs this penalty for every function call instruction executed in the code
module and therefore is proportional to the number of function calls made. Table 3.1 illustrates
the approximate base runtime cost for executing a redirected empty function. To reduce the per-
formance penalty, the user of the framework can selectively pick which modules they would like
to instrument with the framework instead of automatically redirecting function calls from all the
modules within a program.

While the direct performance overhead from intercepting function calls can be significant, the
advantages gained from being able to dynamically switch algorithms for optimal performance
can outweigh the performance costs. For example, the solution space can be explored using data
mining and reinforcement learning [33] approaches to determine the optimal algorithm to use for
given input values. By mining the solution space for a better approach to a given problem [27], the
framework can improve the observed performance despite the overhead of using the framework’s
function redirection.

Table 3.1: Comparison of execution times for an empty function.

| Execution Method | Execution time |
No Framework 0.006 us
Function Interception 0.103 us
F. I. and Callback 0.184 us
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Figure 3.1: HPL Performance with Framework.

3.1 Benchmarking

To demonstrate the performance of the framework, we instrumented two key benchmark applica-
tions with the framework and measured the runtime increases compared with the original uninstru-
mented benchmarks. The first application we employed was the High Performance Linpack (HPL)
benchmark application that solves a system of equations on distributed-memory systems. The tests
were run on a single 2GHz AMD Athlon64 processor with 1GB of memory. The results, as seen
in Fig. 3.1, were calculated for varying sizes of the linear system. The HPL benchmark applica-
tion makes an enormous number of function calls throughout its execution and the difference in
runtimes between the original HPL and the instrumented illustrates this aspect. For the test with
N = 8000, the number of function calls is more than 250, 000, 000. The results of the test also
demonstrate that adding a registered callback for a function symbol did not add any significant
additional overhead compared to simply instrumenting the code for function redirection. In the
HPL test we added a callback for the function HPL | nul which was recorded as receiving the
most invocations during a single run of the benchmark.

In comparison, we also instrumented our framework for the ASCI Sweep3D benchmark. The
Sweep3D benchmark does not have a large number of function calls, only on the order of about
500 per test, and therefore the performance overhead was insignificant as pictured in Fig. 3.2.
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Figure 3.2: Sweep3D Performance with Framework.

3.2 Learningto beAdaptive

In this section we describe how the framework can be embedded in a recommender system context,
for realizing adaptive algorithm selection applications. The design of recommender systems is a
major topic by itself, and outside the scope of this thesis. For more information, see [5, 35].

By using the framework we could manipulate the codes to alter their execution dynamically,
so that they explore alternative solutions and eventually exploit these alternatives to optimize the
algorithm. The choice of which algorithm to use at each step is encapsulated in the form of a
probabilistic policy (that apportions a probability mass of 1 among all applicable algorithms). One
way to learn such policies is through Monte Carlo estimation.

In MC estimation, different runs are made with different algorithmic choices, in an effort to
estimate relative efficiencies and assess selective superiorities. At each run of an algorithm that
involves multiple decision points, the choices made at each decision point are recorded and results
are amortized to calculate the efficiency and performance of each run. Several reinforcement
learning techniques are available that learn to reward choices that resulted in the most desirable
execution outcomes. The rewards were associated with specific input criteria so that algorithms
could provide comparable efficiency for varying degrees of input. Our results from experiments
with adaptive sorting and adaptive quadrature are presented in the next sections.
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Figure 3.3: Comparison of total operations between quicksort and insertionsort.

3.2.1 Sorting using Two Algorithms

In our first scenario we instrumented a recursive quicksort routine, intercepted the recursive calls,
and remapped them to insertionsort when the array subinterval got smaller. Here, our goal is to
measure the efficiency of quicksort and insertionsort so that we could determine an optimal cutoff
point to switch from quicksort to insertionsort. We begin with a random policy that encourages ‘ex-
ploration,’” i.e., at each decision point, either algorithm has an equal probability of being selected.
The callback handler thus effectively randomly decides whether to switch quicksort to insertion-
sort at each subinterval. When the subinterval sort was completed, the efficiency of that specific
sort was calculated and recorded. With each such run, the policy is slightly ‘nudged’ toward the
algorithm that performed better, always retaining some probability mass for the other algorithm (to
facilitate exploration).

To measure efficiency in this problem we experimented with a variety of problem characteris-
tics. The number of swap operations and the number of comparisons that each algorithm performed
was recorded for each subinterval when sorting an array of randomly distributed elements. As was
expected, quicksort performed significantly fewer comparisons and swaps at larger array sizes than
insertionsort. At array sizes less than five elements, quicksort and insertionsort had similar effi-
ciencies for the number of comparisons and swaps. We then added the number of recursions into
the efficiency along with comparisons, and this produced some interesting results. For the smaller
subinterval sizes, quicksort’s high recursion rate made it less desirable than insertionsort. As il-
lustrated in Fig. 3.3, there is a cutoff point at eight elements where insertionsort requires fewer
operations. This cutoff point, between eight and nine elements, is one less than the cutoff point
suggested by Sedgewick in his seminal paper on quicksort implementations [31]. In fact, given
that a single recursion operation is more costly than a comparison, the true cutoff would be higher
if a recursion were given more weight than a comparison.
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3.2.2 Designing an offline recommender for DQAG

Recall that in the second and third scenarios, we experimented with several different quadrature al-
gorithms to determine the most precise error bound an integrand could be evaluated to using a given
quadrature routine. We also created an automatic adaptive quadrature system to switch between
quadrature routines. A criteria that is important to consider when using an adaptive quadrature
routine is the number of function evaluations required to achieve the requested accuracy. Function
evaluations can typically be rather expensive depending upon the complexity of the expression
being integrated; therefore, unnecessary evaluations should be avoided whenever possible. The
adaptive quadrature routines provide a KEY parameter that specifies how many function evalua-
tions to use on each subinterval the adaptive routines divide the integral into. The same number of
evaluations are used on each individual subinterval regardless of the characteristics of the specific
subinterval. If the caller of the routine specifies to use a 15-point quadrature rule, an interval that
only requires 20 evaluations to achieve the requested accuracy will end up taking an initial 15-point
evaluation followed by two additional 15-point evaluations in each half of the interval, resulting
in 45 total evaluations. If a recommender could, over time, learn the characteristics of the specific
problem it could realize that a single 21-point evaluation of the same interval would be sufficient.
We focused our attention on the oscillatory integrand:

/7r cos(2%sin(x)) dx (3.1)
0

As was mentioned, we would like to design a system that can explore the solution space of a
problem to learn better, more efficient, algorithm choices. We first focused on designing an offline
recommender system that organizes a performance database of runs and then mines the database to
identify promising algorithmic choices. In the next section, we outline how an online recommender
system is built that interweaves data collection and algorithm assessment.

In this experiment, the framework was used to instrument the quadrature routine DQAG so that
we could dynamically alter the parameter that specifies the number of point evaluations to use.
Over a series of invocations, the parameter was randomly chosen among a range of six values that
select the number of point evaluations between 15-61. When the DQAG routine completed, we
intercepted the function return and recorded the number of function evaluations — failure of the
DQAG routine to integrate the expression to the correct accuracy was also recorded. The value of
« in the integral was also randomly chosen, along with the requested relative error threshold e.

From the viewpoint of the recommender, we defined a state s as the 2-tuple («, €) and defined
the action « to be the discrete choice of quadrature rule to use (influencing the basic # point evalu-
ations). Therefore, the pair (s, a) defines a point in a specific episode for which we recorded a cost
R equivalent to the number of resulting function evaluations. The choice of a given a state s was
chosen at random until all a’s had been tested for state s. At this point we used an on-policy Monte
Carlo control algorithm [33] to choose the optimal « for given state s. For each returned cost R we
computed the average of all R’s over the point (s, a) and stored this as the g-value Q(s,a). The
algorithm for computing the desirability of each action « in state s is shown in Eq. 3.2. The value
a* is computed to be the cost of the best choice of « in state s and ensures that the best choice gets
the highest chance of selection. The “on-policy’ characteristic of the MC algorithm means that the
policy that is being learned is also the policy that is used to generate random episodes. To ensure
the validity of on-policy learning, the policy must ensure that the best choice for a will be taken a
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Figure 3.4: Color plot showing distribution of optimal KEY values for DQAG usage.

majority of the time, but that non-optimal choices will still be selected some portion of the time.
This ensures constant exploration.

1— = Ifa=a*
(s, a) H{ €tag Wae=a (3.2)

—IAES)I ifa #a*

After running a test program that attempted to integrate expression 3.1 50,000 times, we were
able to learn accurate policy estimates for choosing each a for a given s. Fig. 3.4 is a color
plot illustrating the optimal a for each s. The diagram demonstrates that for smaller values of «
and e, a lower-accuracy point-evaluation rule is sufficient to accurately integrate the expression.
However, as « increases the integral requires more evaluations to correctly integrate. Similarly,
as the requested accuracy e increases, the problem requires more point evaluations. This shows
that the lower-accuracy rules fall out of favor as we move toward the right (and top) of Fig. 3.4.
However, these portions of the graph are significantly more noisy and demonstrate that there is not
a monotonic relationship between KEY and « or e.

This experiment is rather naive, as the only utilization of the framework was in catching the call
to the integrand function to add the extra parameter «, and the call made to DQAGE to manipulate
the KEY and EPSREL parameters. While both of these operations could have been implemented
by refactoring at the source-level, the purpose of this experiment was to demonstrate that a recom-
mender system could use the framework to easily explore multiple algorithm parameters to assess
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Figure 3.5: Example illustration of the operation of DQAG(E).

optimal performance for given inputs. The system could also then use the framework to exploit this
gained knowledge at runtime to dynamically alter the algorithm to achieve optimal performance.
The next example demonstrates this capability.

3.2.3 Designing an online recommender for DQAG

In the previous section we designed an offline recommender system that learned the optimal KEY
value to use for each value of the problem characteristic « and the error bound €. The results
acquired from the experiment could be stored in a database or they could be used as a reference
for setting the KEY value when attempting to integrate Eq. 3.1 with set values of « and e. In this
section we build a system that determines an adaptive policy automatically and uses this policy to
efficiently integrate the expression, without knowledge of «.

The globally adaptive characteristic of DQAG implies that it will continuously subdivide the
interval with the greatest error, and consider all intervals at all times, as candidates for further
subdivisions. This recursive process is illustrated in Fig. 3.5, even though as implemented the
algorithm is not recursive. DQAG will first evaluate the function with the given range using the
quadrature rule specified by the user. The quadrature rule returns the estimate (RESULT) of the
integral (1) in the given range and an estimate (ABSERR) of the error (ABS(l - RESULT)). If the
error is greater than the requested accuracy, DQAG will bisect the interval and evaluate each half.
Each subinterval that is evaluated is added to a list of subintervals which make up the result across
the entire interval. DQAG will sort this list by decreasing ABSERR and will continuously subdivide
the interval with the highest error until the problem has been solved to the requested accuracy or the
maximum number of evaluations has occurred. The way DQAG is designed, it will keep reusing
the same quadrature rule on each subinterval regardless of any other information that might be
available to it. Fortunately it doesn’t matter to DQAG exactly what quadrature rule is used to
evaluate each subinterval, as long as it returns a result and an absolute error, and the number of
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Figure 3.6: Comparison of fixed point quadrature rules and random policy.

point evaluations is monotonically increasing for later bisections of a given interval. Therefore,
we can remap the function calls made to the quadrature rules to dynamically adjust the number of
point evaluations depending upon the state of the globally adaptive quadrature routine.

The first scenario we tested was to randomly pick a quadrature rule each time we intercepted
one. Using the six default quadrature rules (15-, 21-, 31-, 41-, 51-, and 61-point) one was selected
randomly and the original function call was remapped to it. This was very simple to perform as
all six quadrature rules take the exact same parameters, so no parameter remapping was required.
The DQAG routine was called 20,000 times on the expression 3.1 and each time the o and ¢ were
randomly chosen. On return from DQAG, the number of function evaluations were recorded for the
given « and ¢; if DQAG failed to integrate within the maximum number of evaluations, no result
was recorded. As was expected, the number of function evaluations experienced for the randomly
chosen quadrature rule policy was about equivalent to averaging the number of evaluations used
by the fixed key policies, as is illustrated in Fig. 3.6. This shows that even a policy as naive as
randomly altering the quadrature rule can perform better than selecting a single quadrature rule to
use across all values of o and e. However, this policy does not use any state of the problem in
determining its policy. We should be able to design a smarter system.

The next policy we tested used the increasing depth of the interval subdivisions as a factor in
the problem. As shown in Fig. 3.5, DQAG will continuously “recurse” (in a sense, it is actually
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iterative) on an interval if the error is high, which usually implies that there is a troublesome
behavior in that region of the integrand. Therefore, instead of continuing to subdivide the interval
and using the same quadrature rule on each subinterval, it might be more beneficial to use a higher
point quadrature rule. In this experiment we start with the lowest point quadrature rule (15) and for
each subsequent recursion we increase the KEY of the quadrature rule by one, based on a predefined
probability. The probabilities we initially tried were 10%, 20%, 30%, 40%, and 50%. Figure 3.7
graphs the probabilities along the z-axis and the number of evaluations between 15-17 used across
all values of « and € along the right y-axis using a box plot. The increasing boxes on the bottom
of the graph illustrate that, for low values of « and ¢, where the number of evaluations are low, a
policy that increases the quadrature rule 10% of the time is the most efficient, whereas increasing
the quadrature rule 50% of the time is less efficient. This is because the problem is fairly simple to
solve at these values of « and ¢ and therefore a low-point quadrature rule is sufficient, but a high-
point quadrature rule makes unnecessary evaluations. The contrast is shown in the top of Fig. 3.7
which shows the higher evaluations range for the same problem. Here, the lower percentage of
increase policy results in higher evaluations because it must perform more subdivisions. The results
from this test indicate that a “smart” policy could be developed that used an approximation of how
difficult the problem is to determine when to use a higher point quadrature rule. However, the
value of « is not known beforehand, and we must design a surrogate representation of “state”.
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We chose two methods for determining the difficulty of the problem and used them to decide
whether to increase the quadrature rule. The first method we used was the ratio of the error resulting
from the current subdivision to that of its parent’s error. This ratio signifies how much of the error
from its parent the current subdivision received. If the subdivision received a high percentage
of the error, it will potentially want to increase the quadrature rule it is using; whereas the other
subdivision that received a small portion of the error, can continue to use the same quadrature
rule since it will likely not be subdivided. We defined four actions for this problem: SS (both
subdivisions remain using the same quadrature rule as their parent), Sl (the left subdivision remains
the same and the right increases its quadrature rule), IS (the left subdivision increases and the right
remains the same), and Il (both subdivisions increase their quadrature rule). For this problem
we used the same MC reinforcement learning algorithm as in Eq. 3.2 to reward the policy that
resulted in the lowest number of function evaluations. The rewards were associated with the error
requirements that were specified to the DQAG call, the range of the current error to parent error,
and the policy that was used to obtain those rewards. Note that in this experiment we did not
correlate the rewards with the value of o because we were designing a recommender system that
should behave based upon the state of the inputs and not with regard to the difficulty of the problem.
This was the key point of this experiment: we wanted to learn a generic policy that could be applied
without prior knowledge of the problem difficulty, «,, and which would still provide reasonably
efficient results. Figure 3.8 shows the results of all the different approaches we have tried.

The second method we chose to determine the difficulty of the problem was the depth of the
subdivisions along the current branch. The results from this policy are also plotted in Fig. 3.8 and
show that even this naive method performs better than our previous policies. However, the method
of using the error ratios still performs better in most cases.

In this experiment we had chosen two simple methods for approximating the difficulty of the
problem. These approximates were values that were simple and computationally quick to compute
on-the-fly during the execution of the algorithm. However, despite their simplicity, our results show
that they are still useful as determinants for the current difficulty of the problem. More complex
methods could be easily be developed that utilized a wider spectrum of knowledge gained from
the execution to predict the current difficulty of the problem. Additionally, more actions could be
defined than the four (SS, SI, IS, 1) we used in this experiment.

The assumption in this experiment was that we were working with only one type of integral.
The integral in expression 3.1 is an oscillatory function with problem difficulty increasing with
the value of a. Therefore, the adaptive policy that we learned during the runtime of the exper-
iment was only directly applicable to integrals drawn from a similar family of problems. If we
used the learned policy on a different integral, we would likely find that it does not perform very
efficiently. To use the approaches in this experiment we would have to add an additional variable
that correlated the characteristics of the problem with the results of the learned algorithm. Such
a characteristic could be determined with similar methods that were used in this experiment. The
procedure of mapping a problem characteristic onto a learned policy is an active area of current
research [28].
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Chapter 4
Related Work

This chapter presents related work in runtime frameworks for compositional modeling.

4.1 Post-Object Programming M echanisms

Object-oriented programming has proved itself to be a very useful and successful programming
paradigm. The ability to modularize components of the system into separate, self-contained objects
that can be maintained individually, and designed to adhere to individual contractual requirements,
has been successful in many projects. There have been numerous objected-oriented languages
developed along with many object-oriented tools and methodologies. However, despite its success,
there are some limitations to the OO model. Many OO projects have conflicting design factors
that the project can be decomposed by, but in the OO model only one of these factors can be
chosen. The remaining factors, or concerns, can end up spread across multiple classes throughout
the project. This is a common problem with project-wide constraints like security and quality of
service [9] or system-level requirements. If the project is decomposed depending on the major
requirements, the functionality to handle the remaining concerns can become dispersed across
multiple classes where it is difficult to locate and maintain. To address some of these issues, there
has developed a variety of Post-Object Programming (POP) methods, including Aspect-Oriented
Programming and Generic Programming.

4.1.1 Aspect-Oriented Programming

Aspect-Oriented Programming (AOP) takes the view-point that programs should be specified as a
set of concerns, or aspects, and by how these aspects should interact. AOP addresses the “cross-
cutting” problem with object-oriented languages that occurs when concerns are spread across mul-
tiple classes. AOP takes the multiple overlapping concerns and attempts to weave them together.
The individual concerns are organized as modular elements of the system that can be separately
developed; this avoids the substantial work required to change a system concern that is intertwined
among multiple classes of the project. When the collection of concerns is weaved together to
compose a single coherent program, the AOP model creates abstract “join points” to connect the
individual concerns. These join points are meant to be abstract communication points between
the modules and are usually represented as subprogram invocations. Several adaptive program-
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ming techniques [18, 22] have been developed to address the need for adaptive join points between
modules, so that the invoking subprogram does not have to know the correct semantics for per-
forming the invocation. Our framework allows a user to achieve similar goals by allowing them
to remap function invocations and arbitrarily manipulate function parameters. Furthermore, since
code modules can be modified without recompiling, pre-existing object files can be loosely com-
bined to interact as different concerns of the system.

4.1.2 Generic Programming

Generic programming represents developing a program by focusing on the concepts of the pro-
gram rather than on the actual code. Concepts are modularized into specific abstractions that meet
a given set of basic requirements and that perform the required program concept. Programming
using concepts involves determining groups of requirements that can collectively be implemented
with a certain degree of abstraction, yet still function efficiently on the individual components
[24]. The sets of requirements are modeled as concepts which are implemented generically and
which can be applied to multiple families of components. A successful and popular example of the
generic programming model is the C++ Standard Template Library (STL) [32]. The STL contains
a collection of algorithms that follow common guidelines for functionality across the wide range
of the STL’s container and iterator classes. For example, the sort routine within the STL is imple-
mented generically so that it can be used with any container class that supports iterators, while still
providing an efficient sorting routine. Part of the difficulty in implementing an algorithm that is
both efficient but yet abstract, is handling the range of different inputs, some of which may cause
the algorithm to approach its worst case time bound. David Musser discussed a method for im-
proving quicksort [25] when it reaches its worst case operating scenario by dynamically switching
the algorithm to one with a better worst case time bound. The median-of-3 quicksort algorithm
commonly implemented in STL sort approaches quadratic running time when the partition sizes
are drastically uneven. Musser’s introspective sort dynamically switches to heapsort when the
recursion depth of quicksort approaches a certain logarithmic bound. This concept is similar to
the study presented earlier which tried to determine how to optimally switch from quicksort to
insertion sort, to reduce the number of comparisons and recursions. Our framework can be used
to empirically determine the optimal points to switch an algorithm to improve performance with
certain given inputs without losing any abstraction of the algorithm. The framework can also be
used to perform the dynamic algorithm switches without having to rewrite the algorithm to handle
the switching.

4.2 Tunability Interfaces

There are a number [7, 12, 17, 23, 29, 37] of approaches for specifying adaptive decisions an
application can perform to adhere to performance requirements under varying resource availability.
In these frameworks, the application will specify the critical resources it depends on and how to
handle degradation of these resources. A performance monitor tracks the availability of resources
within the system and alerts a control module when a resource has reached a critical level. The
control module can invoke routines within the application that adapt, or tune, the application to
the current resource availability by changing the perceived quality of the application or utilizing
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different algorithms within the application. A common example [12] is streaming a video over a
network. If the bandwidth degrades, the application can be alerted, which will switch the video
stream to a lower frame rate or higher compression algorithm, at the expense of video quality and
CPU usage, respectively.

Our approach is not necessarily targeted at resource tunability; however, the generic adaptation
controls our framework supports allow applications to be tuned so they maintain specific perfor-
mance requirements under varying resource availability. A resource monitor could track resource
availability within the system and, using the function remapping constructs, remap specific func-
tions like compression routines to dynamically adjust to the resource availability. Our approach
can be applied to compiled object files which does not require rewriting the application to interface
with a tuning API. The framework by Chang and Karamcheti [8] allows specification of resource
constraints and adaptation controls in an external tunability interface. Their framework uses a
similar approach of API interception, which allows them to adapt the application without having
to rewrite the application. API calls to operating system resource functions can track resource
availability and usage and can adapt the application if requested.

4.3 Compositional Modeling

Our framework is similar to the literature on compositional modeling. Compositional modeling
involves modeling the system as a collection of distributed executable components. The ques-
tion that compositional modeling literature addresses is how to compose these components, either
statically or dynamically at run-time, into an efficient system configuration model. Often, these
configurations are constructed by running simulations, performing empirical measurements, or by
human and computer analysis of the application and its execution environment. This methodol-
ogy is known as Model-Based Control [1] and it produces effective initial system configurations.
In adaptive model-based control, the system can be adapted to run-time changes that affect the
performance of the application.

The Performance Oriented End-to-end Modeling System (POEMS) [2], is a framework for
constructing performance models for parallel and distributed applications. The POEMS frame-
work permits the composition of a multiple domain model, including analytical results, simulation
data, and direct measurements, into a single system model. It also permits components written
in different languages and on different architectures to be composed into a single multiparadigm
component model. POEMS represents these multidomain, multiparadigm models using expres-
sive task graph models. The task graph models are manipulated in correlation with performance
measurements obtained from the execution environment. To abstractly connect the components in
the system, the POEMS Specification Language (PSL) interface is used. The PSL is a common
language interface that components export which express the mappings between components. Our
framework, along with the Weaves Reconfigurable Programming Framework, can be used as the
computational substrate needed to connect the components in the system. Manipulations to the
task graph in response to obtained performance models of the execution environment can be done
using the function and parameter remapping constructs of our framework.

The Program Control Language (PCL) [10] defines a high-level control language for expressing
adaptation operations of an application. PCL uses a static task graph representation of a program,
similar to the POEMS framework. The PCL framework requires instrumenting the target program
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with PCL operations, but our framework can be used with PCL to avoid these changes. The
original locations in the target program that were previously instrumented with PCL routines can
be intercepted in our framework and exported as PCL control points.

4.4 Binary Interception

Debuggers and code profilers have long used binary rewriting techniques to manipulate programs
in order to set and catch breakpoints or record profiling information. These methods do not require
the application source code to be modified. The binary patching can occur at compile time, when
it is easy to patch the high-level assembly instructions, or it can be done after the program has been
compiled to an executable object. However, the latter option requires careful analysis of the entire
executable object so that offsets and alignments are preserved.

There are at least two related approaches that target the binary interception of functions calls
within a program. The Mediating Connectors framework [4] uses a technique of overwriting the
PLT of a shared library to intercept function calls. When an application makes a shared library call,
the function is looked up in the PLT to determine its location in the shared library. If the entries in
the PLT are overwritten, the calls from the application to the shared library functions can invoke
wrapper functions within the Mediating Connectors library instead of the original shared library
functions.

Another binary interception technique, used in the Detours [15] project, involves rewriting the
beginning of the target function to make a call back to a handler function. This requires extracting
the first few instructions of the target function at run-time and replacing them with an instruction
to invoke the handling, or “detour”, function. The extracted instructions are added to a trampoline
function which can be invoked if the user requests. Detours can also be used to edit the link table
for DLL’s, similar to how the Mediating Connectors framework edits the PLT. Our framework is
similar to the Detours project, except that instead of intercepting function calls at the beginning
of the target function, we intercept them at the point the call is being made. Our framework
patches the caller to call a handling function instead of the target function. When a call to an
intercepted function is made, the user can decide whether to continue execution with the original
target function or to continue with a different function. With caller-side patching, we do not have
to have the target function available at run-time to patch. We can use “very-late” binding and load
the function when it is first executed and intercepted.
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Chapter 5
Discussion

In this thesis we have described a runtime framework that facilitates adaptive compositional mod-
eling and we have illustrated its use in a range of applications. The framework was originally
designed with the goal in mind that one should be able to compose an application from different
arbitrary scientific codes and harness the ability to spatially and temporally adapt the application
across the selection of codes and execution paths. We also designed the framework so that we
could instrument this functionality without having to modify the original source code to interact
with any specific API; in fact, we envisioned the possibility that the source code might not even be
available at all and that we should implement our framework to function at the binary object level.
We have actually illustrated throughout this thesis that the real role of the framework is two-fold.

The first role of this framework is in defining the adaptive policies that an application should
make use of during its execution. Using the basic construct of intercepting individual function
calls, the application can represent adaptive decisions as manipulations to the procedure-level de-
composition of the system. Calls to specific functions can be redirected elsewhere to functions
that are similar (same prototypes) or even to ones that are not (different prototypes). The function
mappings that define this capability to redirect from one function to another can be linked together
to construct long chains of codes that implement common functionality, but with varying degrees
of success for different inputs. With the integration of the DejaVu framework, we have added the
ability for temporal adaptivity that allows an application to span the spatial solution domain for
problems — reverting the application to a known good state whenever a selected algorithm fails
and subsequently learning from these mistakes. These capabilities are illustrated throughout the
three scenarios we designed to model simple adaptive policies. We also designed the rudimentary
specification language for expressing the adaptive decisions as high-level control decisions. This
XML based language allows complex adaptive decisions to be defined quickly and easily relieving
the requirement that the user have in-depth knowledge of the system-level constructs.

The second role of our framework is learning the adaptivity that should be applied. For many
applications the true, most efficient adaptive policies are unknown because the applications are
too large and complex, and the thought that any given adaptive policy may actually decrease the
performance of an application can deter anyone from defining policies in the first place. However,
using the function interception constructs of this framework, an application can intercept the func-
tioning of a set of codes and randomly explore different paths to determine an adaptive policy over
time. By using reinforcement learning algorithms, the application continues to reinforce “smart”
decisions while still occasionally exploring others to find the best choices to exploit. In our exper-
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pushl $f oo

—. :
call foo call intercept

Figure 5.1: Illustration of patching procedure.

imental results we have demonstrated on-line and off-line recommender systems that accumulate
knowledge of the best adaptive policies to exploit for optimal efficiency. Therefore, while an adap-
tive policy may not be known a priori, the framework can be used to build one automatically over
time.

The following paragraphs demonstrate continued efforts to integrate with additional frame-
works to develop powerful new constructs and to finding new applications for our framework.

5.1 FutureWork

Work continues on integrating pure binary-level patching into the framework so that we can seam-
lessly instrument the object files at runtime. Currently, the framework patches the GNU Compiler
Collection (GCC) assembler output before it is compiled into the object file. Patching merely re-
quires a simple regular expression matching and replacement script to instrument the files. The
exact replacement process is illustrated in Fig. 5.1. However, with this method we still require ac-
cess to the source code so that we can compile it to assembler, even though we are not making any
source-level changes. With further integration with the DynlInst [6] framework we plan to support
complete, on-the-fly patching so that components can by dynamically linked in and instrumented
post-runtime. The Dynlnst framework handles correcting all the relative jumps and alignments
that would be affected by inserting the pushl instruction into the executable.

Future work will also look into integrating the framework with another framework, Weaves, the
Reconfigurable Programming Framework [34]. Weaves allows arbitrary codes to be composed into
a single executing process by relaxing namespace collisions between modules. Typically, multiple
executable codes with conflicting variables in their global data contexts are not usable together in
a single process. Weaves removes this constraint by separating the Global Offset Tables (GOTS),
(tables used for looking up global variables), for each module. This allows our framework to
achieve the goal of composing arbitrary scientific codes into a single application without dealing
with namespace collisions. While Weaves can separate the GOTs between modules, it can also
pick an arbitrary GOT for any executing module. Given this, our framework can support operations
similar to continuation modifiers — execution can jump to a certain location while maintaining a
given data context. This system-level method for supporting continuations is useful for languages
that do not naturally include them (e.g., Scheme has the call/cc instruction) to support exception
handling and co-routines.

Finally, we will continue to find additional adaptive scenarios from literature and real-world
applications, and model them using our framework. We envision this will lead to the formation of
new constructs and functionality that can be supported by our framework.
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Appendix A

HACL DTD

<! ELEMENT

<! ELEMENT
<! ELEMENT

<! ELEMENT
<I ATTLI ST

<I ATTLI ST

<! ELEMENT
<I ATTLI ST
<I ATTLI ST

<! ELEMENT
<I' ELEMENT
<I'ATTLI ST
<I ATTLI ST
<I ATTLI ST

<! ELEMENT
<I' ELEMENT
<I ATTLI ST

<! ELEMENT
<I'ATTLI ST
<I'ATTLI ST

<I ATTLI ST
<I ATTLI ST
<I'ATTLI ST
<I'ATTLI ST

hacl cal | backs) >

(mappi ngs,
mappi ngs (mappi ng*) >
mappi ng (functions, return,
functions (function+)>

functi on nanme CDATA #REQUI RED>

return val ue CDATA #REQUI RED>

par anet ers (parant)>
param nanme CDATA #REQUI RED>
par am t ype CDATA #REQUI RED>

cal | backs (cal |l back+) >

cal | back (conditions?, code*)>
cal | back func CDATA #REQUI RED>
cal | back type (pre|post) #REQUI RED>
cal | back mappi ng CDATA #REQUI RED>

conditions (condition+)>
condition (remap,roll back?, code*) >
condi ti on val ue CDATA #REQUI RED>

r emap
r emap
r emap

(assoc*) >
mappi ng CDATA #REQUI RED>
func CDATA #REQUI RED>

assoc
assoc
assoc
assoc

from CDATA #REQUI RED>
t o CDATA #REQUI RED>
name CDATA #| WVPLI ED>
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par anet ers) >

al l oc (exist|global|dynam c) #REQUI RED>



<I ATTLI ST
<I ATTLI ST

<I'ATTLI ST
<I'ATTLI ST

<! ELEMENT
<I ATTLI ST

assoc type CDATA #| MPLI ED>
assoc array CDATA #l MPLI ED>

rol | back search CDATA #REQUI RED>
rol | back data CDATA #l| MPLI ED>

code (#PCDATA) >
code type (pre| POST) #REQUI RED>
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